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Objective: The purpose of this study is to evaluate the ability of machine learning to discriminate be-
tween magnetic resonance images (MRI) of normal and pathological human articular cartilage obtained
under standard clinical conditions.
Method: An approach to MRI classiﬁcation of cartilage degradation is proposed using pattern recognition
and multivariable regression in which image features from MRIs of histologically scored human articular
cartilage plugs were computed using weighted neighbor distance using compound hierarchy of algorithms
representing morphology (WND-CHRM). The WND-CHRM method was ﬁrst applied to several clinically
available MRI scan types to perform binary classiﬁcation of normal and osteoarthritic osteochondral
plugs based on the Osteoarthritis Research Society International (OARSI) histological system. In addition,
the image features computed from WND-CHRM were used to develop a multiple linear least-squares
regression model for classiﬁcation and prediction of an OARSI score for each cartilage plug.
Results: The binary classiﬁcation of normal and osteoarthritic plugs yielded results of limited quality
with accuracies between 36% and 70%. However, multiple linear least-squares regression successfully
predicted OARSI scores and classiﬁed plugs with accuracies as high as 86%. The present results improve
upon the previously-reported accuracy of classiﬁcation using average MRI signal intensities and
parameter values.
Conclusion: MRI features detected by WND-CHRM reﬂect cartilage degradation status as assessed by
OARSI histologic grading. WND-CHRM is therefore of potential use in the clinical detection and grading of
osteoarthritis.
Published by Elsevier Ltd on behalf of Osteoarthritis Research Society International.Introduction
Osteoarthritis (OA) is a highly prevalent and potentially debili-
tating joint disease characterized at least in part by the degradationto: R.G. Spencer, Magnetic
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eoarthritis Research Society Internof articular cartilage1e3. One impediment to the development of
effective therapeutics for OA is the difﬁculty of early diagnosis.
Therefore, there is great interest attached to the development of
noninvasive magnetic resonance imaging (MRI) techniques that
will permit early detection of OA4. This can be regarded as a clas-
siﬁcation problem, with perhaps the most natural approach being
detection and grading based on physically-meaningful individual
MRI parameter measurements such as relaxation times.
However, MR parameters overlap substantially between
different degrees of cartilage degradation5e7. Therefore, a differ-
ence in group mean values of a given parameter between in-
dividuals with differing OA status does not necessarily indicate
clinical utility of this parameter for diagnosis; classiﬁcation ac-
cording to even a statistically signiﬁcantly varying parameter mayational.
Fig. 1. Paired osteochondral samples were harvested from deﬁned locations on the
femoral condyles and used for histology and MRI measurements. Samples were ob-
tained from medial anterior (MA), medial posterior (MP), lateral anterior (LA) and
lateral posterior (LP) locations. Illustration based on Fig. 1 of Reference 9.
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(SP)8. Examples of this were seen in the work of Lukas et al., who
performed univariate classiﬁcation of Osteoarthritis Research So-
ciety International (OARSI) graded human osteochondral plugs,
using the Mahalanobis distance metric9. While statistically signif-
icant differences in the T1-weighted images and magnetization
transfer ratios were seen with respect to degradation status, the
corresponding classiﬁcation accuracies were only 0.60 and 0.55.
As an alternative to univariate classiﬁcation, analysis of content
descriptors, or features, extracted from images, can be used for
classiﬁcation. These methods discriminate between groups based
on inherent patterns and textures within images; the application of
such techniques to identifying early OA in human subjects has
recently been explored10e12. Urish et al. calculated four categories
of MRI features, including histogram, gray level co-occurrence
matrix, gray level run length matrix, and z-score from T2 param-
eter maps obtained as part of the Osteoarthritis Initiative (OAI)12,13.
Using the support-vector machine approach, they achieved 71%
accuracy in predicting the symptomatic progression of OA as
deﬁned by the Western Ontario and McMaster Universities
Arthritis (WOMAC) questionnaire14. Shamir et al. 2009 applied a
more extensive pattern recognition algorithm, using over 2900
features, weighted neighbor distance using compound hierarchy of
algorithms representing morphology (WND-CHRM), to X-ray images
classiﬁed by Kellgren and Lawrence (KL) grades10,15. WND-CHRM
was able to classify subjects with early OA (KL ¼ 2) as compared
to controls (KL ¼ 0) with 80% accuracy. However, plain radiography
is limited in its potential to detect early disease and to monitor
subtle changes over time16. In contrast, MRI provides excellent
delineation of musculoskeletal tissues and sensitivity to both
morphologic features and matrix characteristics of joint
cartilage17e19, making it a much more appealing imaging modality
for early detection and monitoring of OA.
Here, we extend the previous work of Lukas et al. on univariate
classiﬁcation using individual MR parameters9 by examining the
ability of WND-CHRM to assign osteochondral plugs to either a
normal or OA group based on analysis of MR images. Each plug was
separately classiﬁed based on OARSI histological score20 to provide
the comparison gold standard with WND-CHRM. We applied
WND-CHRM to widely available clinical MRI scan types that are
sensitive to cartilage matrix changes associated with OA, including
T1, T2, T2*, diffusion and magnetization transfer weighted images.
We speciﬁcally explored the use of several weightings corre-
sponding to those acquired as part of the OAI13, as well as T2 values
obtained from a 3D spin echo sequence.
In addition to binary classiﬁcation, the image features detected
by WND-CHRM were used to develop a multiple linear least-
squares regression model to predict the OARSI score for each
plug. This provides an additional approach to classiﬁcation that, in
effect, makes use of all OARSI score information rather than dis-
cretizing the plugs into two groups and may accordingly provide
more robust results.
Materials and methods
Sample preparation and histology
Sample preparation for the present study has been previously
described9. Brieﬂy, human tissue was obtained from knee joints in
an Institutional Review Board approved protocol from subjects
undergoing elective arthroplasty. Two adjacent osteochondral
plugs (5 mm dia, n ¼ 36 pairs) were harvested from standardized
sites within the femur (lateral anterior, LA, lateral posterior, LP,
medial anterior, MA, andmedial posterior, MP), as depicted in Fig.1.
The samples allocated for histology were immediately ﬁxed informalin after harvest, while the samples allocated for imaging
were ﬂash frozen and stored at 80C until analyzed.
Histology was performed by two independent observers for OA
severity21 using the OARSI histopathology assessment system20.
OARSI histological scores provide an overall assessment of cartilage
OA status, including the depth of progression, or grade, and the
extent of surface area affected, or stage. OARSI scores range from
0 to 24 and are calculated as the product of the grade (0e6) and the
stage (0e4). The intraclass correlation coefﬁcient (ICC) was calcu-
lated to assess the level of agreement between the two observers
for the grade, stage, and score for each plug.
MRI measurements
The MRI protocol for the present study has been previously
described9. Brieﬂy, samples were inserted into a susceptibility-
matched polyetherimide (ULTEM) sample holder containing Fluo-
rinert® FC-77 (SigmaeAldrich, St. Louis, MO) and heated to
37.0 ± 0.1C prior to data acquisition. The ULTEM holder also con-
tained a Dulbecco's phosphate-buffered saline (DPBS; Invitrogen)
standard for normalizing weighted images. Imaging was performed
using a 3T Philips Achieva system equipped with an 8-channel
SENSE knee coil with sample temperature maintained at
37.0 ± 0.1C for the duration of the acquisition.
T1-weighted (T1W) measurements
A 2D Look-Locker sequence with echo planar imaging (EPI)
readout (echo time (TE) ¼ 5 ms, repetition time (TR) ¼ 6 s, 55
inversion times (TI) ranging from 18 ms to 2757 ms, ﬂip angle (FA)
¼ 14, EPI factor ¼ 3) was used to acquire two 4 mm thick slices
with band width (BW) ¼ 17.5 kHz, ﬁeld of view (FOV) ¼ 75  44.5
mm2 (vertical  horizontal), matrix size (MTX) ¼ 120  66 pixels,
and number of signal averages (NSA) ¼ 2.
T2-weighted (T2W) measurements
A 3D multi-echo spin echo sequence (TE ¼ 12 ms, TR ¼ 767 ms,
echo train length (ETL) ¼ 30) was used with BW ¼ 28.2 kHz,
FOV ¼ 75  45  23 mm, MTX ¼ 188  78  7 pixels, and NSA ¼ 1.
T2 map
A T2 parameter map was generated voxel-by-voxel using a two-
parameter monoexponential function from all 30 magnitude MR
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from 12 ms to 360 ms.
T2*-weighted (T2*W) measurements
A 2D gradient echo sequence (initial TE ¼ 1.5 ms, spacing of
subsequent echos (DTE) ¼ 4.2 ms, TR ¼ 2 s, FA¼ 25, ETL¼ 30) was
used to acquire two 3.5 mm thick slices with BW ¼ 98.9 kHz,
FOV ¼ 75  45 mm, MTX ¼ 152  73 pixels, and NSA ¼ 2.
Diffusion weighted imaging (DWI) measurements
A2Dspinecho sequencewithEPI readout (TE¼62ms, TR¼2 s, EPI
factor¼ 3)was used to acquire two 4mm thick sliceswith b-values of
0, 333, 666, 1000, 1333, 1666, and 2000 s/mm2, with diffusion-sensi-
tizing gradients applied simultaneously along the three orthogonal
gradient directions, with D ¼ 25.3 ms, d ¼ 12.4 ms, BW ¼ 12 kHz,
FOV ¼ 75  43.75 mm, MTX ¼ 96 43 pixels, and NSA ¼ 1.
Magnetization transfer-weighted (MTW) measurements
A 2D FFE (fast ﬁeld echo) sequence (TE ¼ 2.4 ms, TR ¼ 517 ms,
FA¼ 25) preceded by 50ms sinc-shaped presaturation pulses with
1 kHz offset and B1 ¼ 2.15 mT was used to acquire two 5 mm slices,
BW ¼ 98.9 kHz, FOV ¼ 75  45 mm, MTX ¼ 152  73 pixels, and
NSA¼ 2. The number of presaturation pulses used ranged between
one and four, for total presaturation times between 50 ms and
200 ms.
T1W measurements as per the OAI
A 3D FFE sequence (TE ¼ 7.57 ms, TR ¼ 20 ms, FA ¼ 13, partial
Fourier factor ¼ 0.75) was used with BW ¼ 31.1 kHz,
FOV ¼ 75  45  24 mm, MTX ¼ 240  144  16 pixels, and
NSA ¼ 1.
T2W measurements as per the OAI
A 2D multi-slice multi-echo turbo spin echo sequence
(TE ¼ 10 ms, TR¼ 2700 ms, ETL¼ 7) was used to acquire two 3 mmFig. 2. T2 W (2D spin-echo) of TE ¼ 20 ms images of cartilage samples with ROIs (yellow co
DPBS in the fourth well. The ‘anterior’ and ‘left’ sample positions are indicated by the letter
plane. a) Slice 1, intersecting two of the wells containing cartilage. b) Slice 2, intersecting tthick slices with BW ¼ 59.8 kHz, FOV ¼ 75  45 mm
(vertical  horizontal), MTX ¼ 240  101 pixels, and NSA ¼ 1.
ROI selection
All weighted images were normalized to the average signal in-
tensity of the DPBS contained within the sample holder. ROIs
centered on the full thickness cartilage cross-sectional area,
excluding subchondral bone, were drawn using ImageJ software
(National Institutes of Health, Bethesda, MD). ROIs of uniform size
(15  7 pixels) were identiﬁed in all images (Fig. 2). Images with
insufﬁcient cartilage for analysis were discarded and 36 ROIs for
each MR contrast modality remained for classiﬁcation. Figure 2
depicts 11 ROIs within a T2W (2D spin-echo) image.
Feature extraction
Weelected to use overall OARSI score rather thanOARSI grade for
group assignment because (1) we analyzed ROIs of full-thickness
cartilage and (2) score provides a larger range of values for regres-
sion. Plugswith sufﬁcient pixelswere assigned to one of two groups:
normal or early OA changes, deﬁned as OARSI score 6.0 (n ¼ 18),
and henceforth referred to as “normal”, and more established OA,
with OARSI score > 6.0 (n ¼ 18), henceforth referred to as “OA”.
WND-CHRM image features were computed for each weighting
of each scan type. TheWND-CHRM algorithm extracts a generic set
of numerical image content descriptors, including textures, statis-
tical distribution of pixel values, and factors from polynomial
decomposition of the raw image, as well as several image trans-
forms of the raw image as previously described22,23. Image trans-
forms used for feature extraction include wavelet (Symlet 5, level
1), Fourier, Chebyshev and an edge transform, as well as several
combinations of transforms performed in tandem (Chebyshev-
Fourier, wavelet-Fourier, Fourier-wavelet, Fourier-Chebyshev, Che-
byshev-wavelet, Fourier-edge, and wavelet-edge)23. This results inlor). The 4-well ULTEM sample holder contained six plugs per well in three wells, and
s ‘A’ and ‘L’, respectively, while the static magnetic ﬁeld, B0, is oriented into the image
he third cartilage-containing well and the DPBS-containing well.
Table I
WND-CHRM-derived mean and error of SE, SP and accuracy of the separability test.
Themeasurements listed represent theweighting at which the highest classiﬁcation
accuracy was achieved, representing the highest possible degree of separation be-
tween the classes.
MR measurement SE SP Accuracy
T1W (TI ¼ 982 ms) 0.94 ± 0.01 0.94 ± 0.01 0.94 ± 0.00
T2W (TE ¼ 72 ms) 0.85 ± 0.02 0.85 ± 0.02 0.85 ± 0.01
T2 (ms) 0.78 ± 0.02 0.78 ± 0.02 0.78 ± 0.01
T2*W (TE ¼ 1.44 ms) 0.94 ± 0.02 1.0 ± 0.01 0.97 ± 0.01
DWI (b ¼ 999 s/mm2) 0.78 ± 0.02 0.83 ± 0.02 0.81 ± 0.01
MTW (Tsat ¼ 200 ms) 0.94 ± 0.01 0.89 ± 0.02 0.92 ± 0.01
OAI weightings
T1W (TR ¼ 7.57 ms) 0.83 ± 0.02 0.94 ± 0.02 0.89 ± 0.01
T2W (TE ¼ 10 ms) 0.63 ± 0.02 1.0 ± 0.00 0.82 ± 0.01
T2W (TE ¼ 20 ms) 0.78 ± 0.02 1.0 ± 0.00 0.89 ± 0.01
T2W (TE ¼ 30 ms) 0.83 ± 0.02 0.89 ± 0.01 0.86 ± 0.01
T2W (TE ¼ 40 ms) 0.78 ± 0.02 0.94 ± 0.02 0.86 ± 0.01
T2W (TE ¼ 50 ms) 0.78 ± 0.02 0.94 ± 0.01 0.86 ± 0.01
T2W (TE ¼ 60 ms) 0.89 ± 0.02 0.78 ± 0.02 0.83 ± 0.01
T2W (TE ¼ 70 ms) 0.83 ± 0.02 0.83 ± 0.02 0.83 ± 0.01
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are then ranked by their Fisher discriminant, deﬁned here as the
ratio of variance of class means from the pooled mean to the mean
of within-class variances11. Because not all features are equally
informative and those that are less informative may primarily
represent noise, only the top 15% of the features are used for binary
univariate classiﬁcation as below 11,23.
Binary univariate classiﬁcation analysis
Two methods were used to classify this dataset: an analysis to
measure separability of the two classes within the dataset itself and
a standard leave-one-out cross validation to estimate predictive
capability. Separability in this sense provides an estimate of
maximum predictive capability.
In the separability analysis, all images were used to train the
model. Then, each image in the set was selected as a test image in
turn to compute class probabilities using the weighted neighbor
distance classiﬁer (WND5)22. In the WND5 classiﬁer, the feature
vectors from the training images are arranged in a (weighted)
feature space, where each feature value is multiplied by its corre-
sponding Fisher discriminant. The relative probability of a test image
belonging to a certain class is calculated as the mean of the inverse
ﬁfth power of the Fisher-score weighted distances, r, between the
test image and all training images of that class. The test image is then
assigned to the classwith the highest probability. However, since the
distance from a test image to itself is r ¼ 0, calculation of 1/r5would
result in division by zero. Thus in this separability analysis, the test
image contributes to theweights used to construct the feature space
but is left out of the class probability calculation.
In the standard leave-one-out analysis, the accuracy of the
model was obtained by selecting a test image at random 100 times
with replacement, and classifying test images as normal or OA
using the WND5 classiﬁer trained on the remaining 35 images in
the dataset.
Multivariable prediction and classiﬁcation by regression
A multiple linear least-squares regression model for predicting
OARSI scores was constructed using the WND-CHRM feature set
and SciPy24, a mathematical toolkit written in the Python pro-
gramming language. The independent variables, or predictors,
were the descriptive values assigned to particular features, while
the dependent variable, or outcome, was the histologic OARSI score
for each sample.
The number of features used in the regression model was taken
as a parameter to be optimized by minimizing the root-mean
square (RMS) difference between the model-predicted OARSI
score and each sample's actual OARSI score. In contrast to the Fisher
discriminants used for feature ranking and weighting in the binary
univariate classiﬁcation analysis, Pearson coefﬁcients for correla-
tion between each feature and the images' corresponding OARSI
score were used for ranking and weighting in linear regression.
Features were added to form successive regression models in rank
order until the RMS no longer decreased.
The predicted OARSI score for each of the 36 samples were
calculated using standard linear regression provided by the scipy.-
linalg.lstsq function, where the coefﬁcients for the regression were
the Pearson-weighted feature values from the training images and
the corresponding ordinates were the OARSI scores corresponding
to the training images. The ShapiroeWilk test for normality was
performed to conﬁrm that the residuals followed a normal distri-
bution. The predicted score for the test imagewas determined from
the inner product of the test image's features and the least squares
solution returned by lstsq. In other words, predicted OARSI scorewas calculated as the sum of feature values, weighted by least
squares coefﬁcients. Each of the 36 images was tested in this way,
with the other 35 acting as the training set.
After the optimal number of features for regression was deter-
mined by minimizing the RMS, the predicted OARSI scores were
plotted against the actual OARSI scores. The coefﬁcient of deter-
mination (R2) between these two scores was determined and used
to evaluate each MR scan type. The SE was calculated as the pro-
portion of correctly predicted OA samples (OARSI > 6), the SP was
calculated as the proportion of correctly predicted normal samples
(OARSI  6.0), and the accuracy was determined as the average of
the SE and SP for this balanced dataset.
Results
The normal and OA groups had average OARSI scores of
3.66 ± 2.07 and 9.60 ± 3.75, respectively, with 18 being the
maximum OARSI score in the latter group, out of a possible
maximum score of 24. The normal and OA groups had average
grades of 1.60 ± 0.37 and 2.9 ± 0.79, respectively, with 4.5 being the
maximum OARSI grade in the latter group, indicating mild degra-
dation. Thus, all samples evaluated displayed considerable struc-
tural integrity. The inter-observer agreement was moderate; the
ICCs of the grade, stage and score were 0.45, 0.63 and 0.55
respectively, with a mean difference of only 1.46 between the
overall OARSI scores.
Table I shows the results of the separability analysis for the best
performing weighted images out of each series of image weight-
ings, as well as for the T2 map, and for all of the T1W and T2W
images corresponding to those used in the OAI. The accuracy
among these was at least 0.78, but was generally considerably
greater, indicating that the classiﬁers are able to detect subtle dif-
ferences between the normal and OA images. However, despite the
separability of the two groups under WND-CHRM analysis, the al-
gorithm was largely unsuccessful at classifying the images using a
standard leave-one-out analysis, with accuracies generally in the
range of 50% (Table II).
The MR imaging contrast modalities of each scan type that
demonstrated the greatest degree of separability between classes
(Table I) were used to generate a multiple linear regression model
using image features and gold standard OARSI scores. The most
informative features for all scan types were the ones computed
using the polynomial decomposition of the raw image, including
the Zernike and Chebyshev statistics. Additional informative fea-
tures were those computed from the image transforms, such as the
Table II
WND-CHRM-derived mean and error of SE, SP and accuracy reported from the
standard leave-one-out cross validation as a conventional test for assessing the
quality of the classiﬁer. The MR measurements listed correspond to those in Table I.
Note that the separability of the dataset as shown in Table I did not translate into
predictive accuracy as shown here.
MR measurement SE SP Accuracy
T1W (TI ¼ 982 ms) 0.63 ± 0.1 0.61 ± 0.1 0.62 ± 0.07
T2W (TE ¼ 72 ms) 0.53 ± 0.1 0.58 ± 0.09 0.56 ± 0.07
T2 (ms) 0.47 ± 0.1 0.74 ± 0.09 0.61 ± 0.07
T2*W (TE ¼ 1.44 ms) 0.52 ± 0.1 0.56 ± 0.1 0.54 ± 0.07
DWI (b ¼ 999 s/mm2) 0.68 ± 0.09 0.72 ± 0.09 0.70 ± 0.06
MTW (Tsat ¼ 200 ms) 0.38 ± 0.1 0.68 ± 0.09 0.53 ± 0.07
OAI weightings
T1W (TR ¼ 7.57 ms) 0.42 ± 0.1 0.40 ± 0.1 0.41 ± 0.07
T2W (TE ¼ 10 ms) 0.35 ± 0.09 0.69 ± 0.09 0.52 ± 0.07
T2W (TE ¼ 20 ms) 0.31 ± 0.09 0.67 ± 0.09 0.49 ± 0.07
T2W (TE ¼ 30 ms) 0.70 ± 0.09 0.72 ± 0.09 0.71 ± 0.06
T2W (TE ¼ 40 ms) 0.64 ± 0.09 0.61 ± 0.1 0.63 ± 0.07
T2W (TE ¼ 50 ms) 0.41 ± 0.09 0.31 ± 0.09 0.36 ± 0.07
T2W (TE ¼ 60 ms) 0.52 ± 0.1 0.57 ± 0.1 0.54 ± 0.07
T2W (TE ¼ 70 ms) 0.56 ± 0.09 0.42 ± 0.1 0.49 ± 0.07
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Tamura textures computed from the Fourier transform of the im-
age. Overall, there were varying numbers of informative features
for each scan type. The decrease in the Pearson correlation co-
efﬁcients in the set of rank ordered features typically followed a
power law, rather than an exponential, distribution; a small num-
ber of features had high coefﬁcients, followed by a large number of
features with relatively low coefﬁcients. The optimal number of
informative features was deﬁned as the value for which the pre-
diction of OARSI score no longer improves upon the inclusion of
additional features, as determined by the RMS error.
The optimal RMS values and corresponding percentage of
informative features for each scan type are listed in Table III. None
of the scan types provided optimal OARSI score prediction using
less than 1.9% ormore than 8.4% of the features. Of the conventional
MR modalities, T2W with TE ¼ 72 ms resulted in the lowest RMS
error value (1.62) using 6.1% of the features (Table III). A plot of
predicted versus actual OARSI scores for each MR scan type is
shown in Figs. 3 and 4 using the feature set deﬁned by the optimal
percentage of features indicated in Table III. The prediction with
T2Wof TE¼ 72 ms exhibited one of the highest R2 values (0.85), yet
the lowest binary classiﬁcation accuracy (0.69) (Table III).
Using standard leave-one-out analysis, DWI of b ¼ 999 s/mm2
achieved a classiﬁcation accuracy of 0.70, with a SE and SP of 0.68Table III
Results from the multiple linear regression. The lowest RMS value for each contrast
modality is listed, as well as the corresponding percentage of features used to
optimize themodel. Classiﬁcation by regression results are reported as R2, indicating
the coefﬁcient of determination between the actual OARSI score and the model-
predicted score. Calculated SE, SP and accuracy of the model are also reported.
MR measurement RMS Features R2 SE SP Accuracy
T1W (TI ¼ 982 ms) 2.13 3.2% 0.75 0.78 0.83 0.81
T2W (TE ¼ 72 ms) 1.62 6.1% 0.85 0.67 0.72 0.69
T2 (ms) 3.57 5.7% 0.40 0.83 0.56 0.70
T2*W (TE ¼ 1.44 ms) 1.74 8.4% 0.83 0.72 0.72 0.72
DWI (b ¼ 999 s/mm2) 1.70 1.9% 0.85 0.83 0.89 0.86
MTW (Tsat ¼ 200 ms) 2.53 6.6% 0.65 0.72 0.83 0.78
OAI weightings
T1W (TR ¼ 7.57 ms) 2.05 4.4% 0.76 0.72 0.67 0.69
T2W (TE ¼ 10 ms) 2.10 7.3% 0.76 0.78 0.72 0.75
T2W (TE ¼ 20 ms) 2.40 5.6% 0.67 0.89 0.78 0.83
T2W (TE ¼ 30 ms) 2.59 7.3% 0.63 0.89 0.72 0.81
T2W (TE ¼ 40 ms) 2.91 7.9% 0.57 0.83 0.61 0.72
T2W (TE ¼ 50 ms) 2.19 3.6% 0.73 1.0 0.72 0.86
T2W (TE ¼ 60 ms) 2.38 6.4% 0.68 0.83 0.67 0.75
T2W (TE ¼ 70 ms) 2.76 3.0% 0.60 0.83 0.83 0.83and 0.72, respectively (Table II). In addition, the regression based on
this image weighting was able to predict OARSI scores with an RMS
of 1.70 and an R2 of 0.85, and to classify the samples with an ac-
curacy of 0.86 (Table III, Fig. 3).
As indicated by the best-ﬁt line graphs (Figs. 3 and 4, showing
respectively the best-performing image weightings and the
weightings obtained as part of the OAI), the actual and predicted
OARSI scores for all of the weighted images exhibited correlations
with R2 between 0.65 and 0.85, while the regression based on the T2
mapwas much less satisfactory, with R2¼ 0.40, consistent with the
fact that this regression exhibited the largest RMS value of any scan
type (3.57), and likewise exhibited one of the lowest regression-
based binary classiﬁcation accuracies (0.70).
Discussion
Arthroscopic and radiographic evaluations provide the current
diagnostic standards for characterizing cartilage matrix loss asso-
ciated with OA15,25,26. Arthroscopy is an invasive procedure and
provides only qualitative or semi-quantitative evaluation of carti-
lage. Radiographic evaluation based on KL or OARSI-OMERACT27
scoring focuses on later stages of disease and is non-speciﬁc and
insensitive to detect subtle change. Whole organ MR evaluation
based on semi-quantitative expert assessment28,29 and 3D MRI
quantitative evaluation30 focus on apparent morphological changes
in early or later disease stages. There is a need for more sensitive
MRI methods that can detect subtle changes associated with pre-
radiographic OA and that may potentially serve as biomarkers for
disease onset and progression.
We found that application of an emerging machine learning
algorithm, WND-CHRM, provided accuracy of up to 86% in classi-
fying MR images of normal and early OA cartilage. This compares
favorably with other analyses9, which also speciﬁcally addressed
discrimination between these histologically-graded osteochondral
plugs from human subjects with idiopathic non-advanced OA. The
present approach relies upon the analysis of a large set of image
features and provides compelling evidence that feature analysis
yields information that may serve as a surrogate for histology.
Histological scoring systems that assess the structural compo-
sition of cartilage matrix and determine the severity of degrada-
tion31 can be used as a reference standard to establish a
classiﬁcation scheme using image features32e34. The OARSI histo-
pathology assessment has been shown to be reliable and repro-
ducible35 and is an informative gold standard for cartilage
classiﬁcation using quantitative MR measurements9. Feature anal-
ysis of cartilage matrix-sensitive MR images can provide informa-
tion about underlying patterns and textures. We found that WND-
CHRMmay be an efﬁcient method for the classiﬁcation of cartilage
MRIs. WND-CHRM differs from traditional pattern recognition
classiﬁcation techniques in that it computes over 2900 features
based on both the raw image and on multiple image transforms.
WND-CHRM showed very limited ability to provide an accurate
binary classiﬁcation of these images using a standard leave-one-out
cross-validation analysis. However, the separability results (Table I)
indicate that such classiﬁcation may be successful with a larger
number of training images; a larger database would result in more
stable feature weights with less variation among training sets.
In contrast to discrete classiﬁcation, multiple least-squares
regression based on image features was able to predict an OARSI
score for each plug and successfully discriminate between MRIs of
normal and OA cartilage. We found that image features, such as the
Zernicke polynomials and Chebyshev statistics, computed on the
wavelet transforms of the image were the most informative. In
contrast to bulk pixel statistics, these types of features are sensitive
to various types of textures in the image, such as spatial
Fig. 3. Predicted OARSI score versus actual OARSI score for each sample as determined by the multiple regression for a) T1W (TI ¼ 982 ms), b) T2W (TE ¼ 72 ms), c) T2*W
(TE ¼ 1.44 ms), d) DWI (b ¼ 999 s/mm2), e) MTW (Tsat ¼ 200 ms), f) T2 (ms). R2 values for each scan type are listed on the respective graphs. The results shown are for the best-
performing weighted images.
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classiﬁer exhibits sensitivity to changes in cartilage at the spatial
resolution afforded by MR imaging.
The T2W image with TE ¼ 50 ms was the least successful in
discrete classiﬁcation according to the standard leave-one-out
analysis (Table II), but through use of regression was able to pre-
dict OARSI scores with one of the highest classiﬁcation accuracies of
the scan types evaluated (Table III). This indicates the power of
relationships established through use of the entire range of OARSI
scores to build a classiﬁcation model. In terms of the actual mea-
surement, transverse relaxation is inﬂuenced by several factors, all
of which are affected by the process of degradation, including
matrix macromolecular composition, collagen ﬁber orientation and
cartilage water content36. In addition, DWI also exhibited highly
favorable classiﬁcation accuracy through regression, which is
consistent with the classiﬁcation results reported by Lukas et al.9.
The ability for features to detect subtle pattern differences associ-
ated with OA in DWI may imply that DWI is particularly sensitive to
early degenerative changes, which can affect both magnitude and
anisotropy of diffusion37.
In previous work using the same dataset as explored in the
present analysis, cartilage samples were classiﬁed using individual
MR parameter values and signal intensities using the univariate
Mahalanobis distance; this accounts for the possibility of different
variances within the normal and OA groups. In that study, the T2W
image of TE ¼ 60 ms from the OAI protocol demonstrated the best
performance with an accuracy of 0.759. The WND-CHRM analysis
performed in the present study improved upon this (Table III) and
may further indicate the utility of T2 weighting in characterizing
OA. However, classiﬁers derived from the 3D T2W images and the T2
parameter map did not perform as well as the T2W measurements
from the OAI protocol. This is consistent with their low accuracy inthe separability analysis (Table I). Further, the RMS error of the T2
regression model was the highest of the scan types tested, indi-
cating poor prediction of OARSI scores; this led to poor SP when the
predicted scores were used for classiﬁcation. The poor performance
of T2 in this study is in contrast to its relatively good performance in
classifying cartilage in other studies5,9. Of the 3D imaging protocols,
the T2W image with TE ¼ 72 ms provided the best separability and
was found also to exhibit the maximum classiﬁcation accuracy of
the 3D weightings (Tables I and III). The T2 parameter map, derived
from all 30 T2 weightings, demonstrated substantially worse ac-
curacy, presumably because the data incorporated into the mono-
exponential ﬁt for T2 included weightings with poor diagnostic
performance.
There are certain limitations to our study. Given the success of
multiparametric analysis of cartilage matrix in other contexts38e41,
the extension of the present approach to analysis of images obtained
using two or more MR image scan types would likely be of sub-
stantial beneﬁt. In effect, this would increase the dimensionality of
parameter space and may be of particular beneﬁt in regression
analysis. The features themselves are derived from independent
image transforms and in many cases represent orthogonal compo-
nents of these transforms. While they are therefore non-redundant,
given the number of features, a certain degree of near-multi-
collinearity is possible. In addition, the small physical size of the
samples in this work resulted in a relatively limited number of pixels
available for analysis. This number was further reduced by our se-
lection of ROI's consisting of only 15 7 pixels in order to avoid edge
and partial volume effects. It is expected that this would reduce the
overall reliability of themethod due to statistical variation, aswell as
systematically limiting the accuracy of larger-scale, lower spatial
frequency image and transform features. While larger physical
samples would therefore be desirable, we note that in potential
Fig. 4. Predicted OARSI score versus actual OARSI score for each sample as determined by the multiple regression for a) T1W (TR ¼ 7.57 ms), b) T2W (TE ¼ 10 ms), c) T2W
(TE ¼ 20 ms), d) T2W (TE ¼ 30 ms), e) T2W (TE ¼ 40 ms), f) T2W (TE ¼ 50 ms), g) T2W (TE ¼ 60 ms), h) T2W (TE ¼ 70 ms). R2 values for each scan type are listed on the respective
graphs. The result shown are for image weightings obtained as part of the OAI.
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image analysis will be intrinsically limited and deﬁned by the size of
the structures under investigation. Further, we note that the MR
measurements and histologic scores were obtained on different,
though adjacent, plugs. This allowed us to avoid the potential effects
on histology of sample degradation during the lengthy imaging
sessions as well as potential tissue swelling, although it does not
account for the small potential variability in tissue characteristics, or
even in OARSI score, between adjacent sites. We also note that this
study was restricted to analysis of imaging modalities that are
relatively routinely available in the clinical setting. Other contrast
modalities, including rotating frame techniques such as T1r42 would
also be of great value to explore.
Based on the success of theWND-CHRM algorithm in analysis of
articular cartilage matrix as described here, its further application
to more heterogeneous images consisting of a greater range of joint
structures affected by OA may be productive, as previously
demonstrated in X-ray images10,11. Thus, performance of WND-
CHRM in the classiﬁcation of MR images may be substantially
improved through the inclusion of additional joint features, such as
subchondral bone and meniscus. To be fully effective, this may
require use of specialized imaging techniques such as ultrashort TE,
sweep imaging with Fourier Transform or near-zero TE43e45 so thatthese more rigid structures are more readily visualized. Neverthe-
less, we achieved substantial success through analysis of cartilage
matrix using MR measures that are routinely available in clinical
settings. The analysis was performed on samples from individuals
across a range of early pathologic changes. Thus, our results indi-
cate the ability to non-invasively assign individual subjects to a
degree of OA pathology. One essential difference between our
in vitro study of explants and analyses performed in the in vivo
setting is the requirement for reproducible tissue segmentation in
the latter. While challenging, great progress has been made in the
registration and segmentation of joint cartilage in clinical images,
with several automated methods having been developed46e48.
These advances would permit WND-CHRM or related analyses to
be performed on joint structures in addition to cartilage.
In conclusion, we have demonstrated that image and image
transform features derived from MR images obtained using stan-
dard clinical sequences under clinical imaging conditions may be
useful for the detection and staging of OA in human articular
cartilage.
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